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Abstract. This paper describes a new methodology for hand gesture recognition and its corresponding application to a
real-time Human Robot Hand Interaction system. The gesture segmentation of the video sequence is done by background
subtraction through a time-adaptive mixture of Gaussians and a skin-color filter based on RGB model. The hand position
and attributes of moment invariants extracted from the hand image boundary are tracked per frame for generating the
feature vector. Extracting moment invariants from image outline reduce computational cost, assuring real-time operation.
The minimal Euclidean distance is calculated between the input vector and the ten pattern feature vectors previously
stored to do recognition of hand gestures. Experiments were carried out using both computer simulations and a five
fingered anthropomorphic robot hand. Results show the method efficiency for real-time applications achieving 94.43% of
True Positives at 60-frames/second rates. Errors in recognition within the 10 established gestures are very low, showing
the method’s applicability in Human Robot Hand Interaction systems.
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1. Introduction

The purpose of this paper is to develop a methodology to recognize hand gestures from video images to interact with
systems, mainly in Human - Robot Hand Interaction (HRHI). Hand gestures are a natural way of communication between
people, hence can provide a more natural way to interact with a robot. The gesture recognition based on computer vision
has the advantages of being intuitive and requiring less specialized hardware for teleoperation.

This article proposes a system to recognize some hand gestures that can be used to recognize more complex gestures
in conventional work environments. The system is presented as a low-level layer that guarantees the recognition of a basic
gesture set to be used in the remote operation of robot hands. The further development of this capacity is intended for
equipment maintenance applications related to deep water oil exploration.

Human-machine interaction researchers have been attracted to gestures as inputs for the robot behavior for some time.
In recent years, this has become a very important research area for computer hardware, vision system development and
robotic teleoperation.

Teleoperation of robot hands using gesture information may be implemented in different forms. Teleoperation using
haptic devices represent a strong and successful research area for itself Butterfasset al. (2004). Important concepts of
the field may be found in Bejczy (1992), and a picture of the current achievements is presented by Finger (2009) and
Glassmireet al. (2004). Another interesting possibility for retrieving information from the gesture is the use of inertial
measuring units Milleret al. (2004).

This work focus on gesture inputs achieved with the aid of image based approaches. The use of markers in the master
hand (glove) simplifies the image processing complexity Liet al. (2004) at the cost of a reduced number of gesture
possibilities. Nevertheless, a more ambitious and attractive strategy extracts information from normal hand images. Stark
et. al. Starket al. (1995) created a system that recognizes eight hand poses. The poses were used as a 3D input device
for a visualization program and in a presentation system where the user could control a computer display using gestures.
Cui et.al. Cuiet al. (1995) presented a system that recognizes different hand gestures in front of a complex background.
It was able to achieve 93.1% of correct recognition for 28 different gestures, but the system was not used independently
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Figure 1. Hand gesture recognition for HRHI system.

and had arelative slow segmentation speed.
Friedmann et. al. Friedmannet al. (1992) developed a hand gesture recognition system introducing the extended

Kalman filters for structure and motion estimation of video-based systems. Methods for hand pose recognition vary from
silhouette orientation histograms Finlayson and Schaefer (2001) to template matching Shimada and Shirai (1996) and
table lookup Athitsos and Sclaroff (2001).

This work has a proposal that is similar to the work presented by Hoshinoet al. (1743-1761), i.e. the use of simple
camera images for gesture recovery. Nevertheless, the approach presented here has the advantages of being able to work
with arbitrary background conditions, and hands from different users.

2. System Description

The complete system (Fig. 1) was conceived to test teleoperation concepts related to a human robot hand interaction.
The system kernel is a management environment based on Matlab m-files that is responsible for relating the received hand
gesture data to the experimental robot hand poses. Input data uses a special high speed network called Kyatera. This
network is a collaborative environment based on a Fiber-to-the-Lab network that connects companies, research institutes,
universities, and funding agencies to develop technological innovations and to generate scientific knowledge Kyatera
(2009).

The programs implemented in Matlab receive the pattern reference information (Fig. 8) from the remote gesture
subsystem and establish a correspondence between the human hand posture and the corresponding robot hand joint angles.
These joint angles are then released to both the GraspIt! grasp simulator Miller and Allen (2000) and Kanguera robot hand
Benanteet al. (2007). In the current development stage, the simulation environment GraspIt! is used just as an auxiliary
visualization tool.

2.1 The GraspIt! Environment

A 3D model version of the Kanguera hand was implemented for the GraspIt! robot simulation environment Miller
and Allen (2000). The data of the hand links were extracted from their corresponding CAD models and converted to the
specific GraspIt! file input format. An additional configuration file describes the relative poses of the single model links
in dependence with the joint angles.

During initialization another Matlab program establishes the communication with both the GraspIt! server and the
EPOS controllers. The communication with these controllers is done through a 38.4 kbps serial connection based on
RS-232 standard.

Depending on the incoming gesture pattern a specific m-file program in Matlab chooses a predefined hand configura-
tion determined by the joint angles, which reproduce the requested gesture. From a previously established configurations
scheme the motor positions are calculated corresponding to the joint angles. Subsequently these positions are sent to the
Kanguera Hand. Using a different data protocol, the same joint angles are simultaneously sent to the GraspIt! server that
changes stepwise the link positions of the 3D model in the simulator in order to reach the new joint values.
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Figure 2. Server implemented in Simulink for the communication with GraspIt! and the Kanguera robot hand.

2.2 Theexperimental platform - The Kanguera Anthropomorphic Hand

As stated in more details in Benanteet al. (2007) the Kanguera hand is a five fingered anthropomorphic robot hand,
which adds adduction and abduction capacities to its previous development versions.

In these experiments only three fingers and the thumb are actuated. Further each distal interphalangeal joint has an
equivalent four linkage-bar dependency relation to the middle interphalangeal joint. As a result, each finger has 3 DOF
and consequently uses 3 servo-actuators. Therefore, in these experiments the Kanguera Hand presents 12 independent
DOF.

New to this version is also the control architecture, as the motor control is performed independently by compact Maxon
EPOS controllers. These units receive set-point values as input from the management environment through a serial link
and using an internal PID control law, they impose the required current to the servomotors. The individual PID parameters
for each motor were adjusted empirically for better friction compensation. The motors, which are located outside the hand
body, drive thin cables transmitting the movement to the finger links.

In the current Kanguera version the motor encoders are the only sensors available for information feedback. This
sensor information is used locally in each controller and globally by the trajectory planner.

3. Gesture Recognition

Our methodology is based on background subtraction by a Gaussian Mixture Model (GMM) described by Stauffer and
Grimson Stauffer and Grimson (1999), and an auxiliary segmentation method, associated to the GMM, using a skin color
classifier. It explicitly defines the boundaries for skin cluster in a RGB color space by mean of Peer, Kovac and Solina
rules Peeret al. (2003). So, pixels belonging to the hand are separated from the background image based on background
extraction and skin-color segmentation.

Image post-processing is applied before contour detection. Noise and segmentation fault are eliminated by Gaussian
filtering and morphological functions (dilatation and erosion). The recognition algorithm uses only extracted borders, that
is, the outline or the hand boundary. Therefore, our algorithm is quick enough for real-time applications. The largest
extracted boundary from the segmented image will be considered the region of the hand that represents the gesture.

The detected contour is analyzed generating the hand position and orientation for each frame. Position and other hand
attributes are tracked per frame distinguishing a hand movement from the background and other moving objects; contour
information is also extracted for gesture recognition. A distance classifier recognizes gestures using a feature vector with
invariant moments and some hand contour attributes.

The proposed methodology (Fig. 3) was developed to run on Microsoft Windows Operational System and the program
was implemented using Borland C++ Builder 6.0 programming language. The OpenCV (Open Source Computer Vision
Library) functions Library (2006) were used to compute image filters, image conversions, matrix operations, transposi-
tions, image handling and image visualization. A web cam captures a 320 x 240 color video image and the program runs
on a PC (AMD Athlon 64 Processor and 1 GB of RAM memory).

3.1 Background Model Estimation

Background estimation is related to segment an image region, delimiting the pixels of interest. To do so, we propose
modeling the color attribute of each pixel, in an image sequence, through an adaptive mixture of Gaussian distribution.
This mixture is updated for each new captured observation, reducing the influence of past observations and improving the
adaptation model according to a gradual variation of illumination.

However, Gaussian distributions represent both image foreground and background. It would be necessary to define the
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Figure 3. a) Original Image. b) Segmented Image. c) Post-processed Image. d) Hand boundary. e) Hand without forearm.

distribution ofthe subsets to describe the background model. The subsets are defined at each observation, according to
the weights associated to every distribution, which indicate the frequency that the distribution better represents the pixel.
After pixel processing by GMM, foreground pixels are submitted to skin color segmentation.

A mixture of K Gaussian distribution models each pixel in the scene. The history of pixels can be defined as a
temporal series whereof values are vectors in RGB space:

−→
X i,t = {Ri,t, Gi,t, Bi,t} (1)

For each timet and for every pixeli = {x0, y0}, the history of pixels can be represented using equation 1, where
−→
I

is the frame sequence.

{
−→
X i,1, . . . ,

−→
X i,t−1} = {

−→
I (x0, y0, j) : 1 ≤ j ≤ t− 1} (2)

Therefore, the pixel values are samples of some random variable
−→
X i,t, which includes the behavior of the mixtureK.

The variable
−→
X i,t can be 1-dimensional (monochrome intensity), 2-dimensional (normalized color space or intensity-

plus-range), 3-dimensional (color), or D-dimen-sional in general (represented as column vectors). The probability that a
given pixel has a value

−→
X i,t at the timet is shown by:

P (
−→
X i,t|

−→
X i,1, . . . ,

−→
X i,t−1) =

K
∑

k=1

ωi,t−1,k · η(
−→
X i,t;−→µ i,t−1,k,Σi,t−1,k) (3)

In this equation,η is a Gaussian probability density function, andωi,t−1,k is the weight parameter of theKth Gaus-
sian component that indicates the relative proportion of past observations modeled for every Gaussian distribution. The
ηk factor denotes the Gaussian distribution of a mixture and it is represented using the equation 3, where D is the D-
dimensionality of vector

−→
X i,t.

η(
−→
X i,t;−→µ i,t−1,k,Σi,t−1,k) =

1

(2π)
D

2 |Σi,t−1,k|
1

2

· exp

(

−
1

2
(
−→
X i,t −−→µ i,t−1,k)

TΣi,t−1,k(
−→
X i,t −−→µ i,t−1,k)

)

(4)

In our work, D = 3 because we adopted the RGB color space.
In Eq. 4,−→µ i,t−1,k andΣi,t−1,k are, respectively, the mean-vector and covariance matrix of thekth Gaussian compo-

nent. For computational reasons, the covariance matrix is assumed to be:

Σi,t−1,k = σ2

i,t−1,kI (5)
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Therefore, the covariance matrix for the 3-D space isΣk = [σ2

R σ2

G σ2

B ], whereσ2

R σ2

G σ2

B are the variances of the
RGB components. This premise allows red, green, and blue pixel values to be independent and have the same variances.
Traditionally, thek value is the same for every pixel, in a range among 3 and 5. When more distributions are used, the
model better represents more complex scenes; however, this will increase computational costs.

A Gaussian mixture characterizes the distribution of recently observed values for each pixel in the scene. A new pixel
value is represented by one of the major components of the mixture model and used to update the model. For every new
observation we update the mixture of Gaussian distribution used to model the observation history of each pixel. Ideally,
at each time stept, the parameters of pixel mixture would be re-estimated applying an exact Expectation Maximization
algorithm Dempsteret al.(1977) on some recent observation window, including the last observation. This is a very costly
procedure, so, we use an on-lineK-meansapproximation for reducing computational time.

The matching is done by a distance metric - normally Euclidean - and a deviation threshold parameter(β) that indicates
the deviation among the current observation and theK Gaussian distributions. The parameterβ is typically 2.5, so the
boundary of the matching zone in RGB-space forηk encompasses over 95% of the data points that would be drawn from
the true Gaussian probability density. The algorithm integrates the new observed data into the background model so that
every pixel value of the actual frame,

−→
X i,t, is checked against the existingK Gaussian distributions.

The pixel will be considered a matched pixel if the following criterion,|Xt−µ| ≤ 2.5σ, is true for all RGB channels.
If a match is found for some distribution, this distribution will be updated.

TheK distributions are ordered based on the valueω/σk and the firstB distributions are used as the background
model of the scene, whereB is estimated using Eq. 6:

B = argb min

(

b
∑

K=1

ωi,k > T

)

(6)

The thresholdT is the minimum fraction of the background model. In other words, it is the minimum prior probability
of the background scene. If the matched Gaussian component model is one of anyB distributions, the model must be
updated. The prior weights of theK distributionsωi,t,k at timet are adjusted as shown by Eq. 7, whereα (0 < α ≤ 1) is
the learning rate and the time constant1/α defines the speed at which the distribution parameters change.

ωi,t,k = (1− α)ωi,t−1,k + αMi,t,k (7)

WhereMi,t,k is 1 for the matched model and 0 for the remaining models. After this approximation, the weights from
both matched and unmatched models need to be renormalized.

The parameters of the distribution that match the new observation are updated using Eq. 8 to 12:

−→µ i,t,k = (1− ρ)−→µ i,t−1,k + ρ
−→
X i,t (8)

σ2

R,i,t,k = (1− ρ)σ2

R,i,t−1,k + ρ(Ri,t − µR,i,t−1,k)
2 (9)

σ2

G,i,t,k = (1− ρ)σ2

G,i,t−1,k + ρ(Gi,t − µG,i,t−1,k)
2 (10)

σ2

B,i,t,k = (1− ρ)σ2

B,i,t−1,k + ρ(Bi,t − µB,i,t−1,k)
2 (11)

ρ = α · η(
−→
X i,t;−→µ i,t−1,k, σi,t−1,k) (12)

The parameterρ is the second learning rate estimated using Eq. 12. If none of theK distributions matches that pixel
value, the least probable component will be replaced by a new distribution with a mean equals to the current value of
−→
X i,t, an initially high variance, and a low weight parameter.

After pixel processing, the segmented foreground pixels are submitted to skin color classification. This segmentation
method establishes a human skin classifier that explicitly defines the boundaries of a skin cluster in RGB color space
model as defined by Peer, Kovac and Solina’s rules Peeret al. (2003). According to them, a pixel will be classified as
human skin in RGB color space if some rules are accepted, as shown by Eq. 13:

(R > 95) ∩ (G > 40) ∩ (B > 20) ∩ (R > 95) ∩ (G > 40) ∩ (B > 20) ∩max{R,G,B} −min{R,G,B} · · ·

· · · > 15 ∩ (R−G > 15) ∩ (R > G) ∩ (R > B) (13)

The main advantage of this classifier is the simplicity of skin threshold rules that builds a very fast classifier. The goal
of this skin color threshold is too easily discriminate, in real-time, the skin color from the non-skin color pixels. Figure
4b presents segmented frames using GMM and skin color filter applied on the original frames shown at Fig. 4a.
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Figure 4. a) Original frames. b) GMM segmentation and skin color filter.

3.2 Post-processing

After pixel processing and skin color filter, the result will be a binary image containing foreground pixels (1’s) and
background pixels (0’s). The segmented binary image must be optimized. Since a statistically significant portion of the
input samples will lie in the tails of the distributions, the output image will inevitably contain small noise-generated blobs.

These blobs are eliminated by Gaussian filtering and mathematical morphology functions (dilatation and erosion).

3.2.1 Boundary Detection

Image blobs are detected from the binary image by polygonal approximation. This function creates a boundary list
that is examined to verify the biggest one related to its area. Only areas bigger than 5% from the total image area are
accepted.

3.2.2 Forearm Filtering

While previous filters are needed for reducing noise, the aim of the forearm filter is avoiding forearm effects in the
image. The hand parameters are mistaken or even dominated by the forearm’s parameters when the detected boundary is
too big.

The hand and the forearm together appear as a region that changes with the arm movement, affecting feature extraction
procedure and decreasing recognition rates. Therefore, it is necessary to ”delete” the forearm from the hand image to
ensure the correct gesture classification.

Figure 5. (a) Equivalent ellipse including the forearm. (b) New boundary without the forearm and palm offset circumfer-
ence. (c)New equivalent ellipse without the forearm.
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An offset circumference can be traced for detecting the maximum region that comprises the palm hand, so, detecting
a reference region for deleting the forearm (Fig. 5b). Another circumference is drawn, named palm circumference that
encompasses the palm hand. The center and radius of the palm circumference are calculated by the Euclidean Distance
Transform (EDT) Borgefors (1996).

The following algorithm shows a simple way to ”delete” the forearm. It is based on simplifications from the Deimel
and Schr̈oter’s work B and Schr̈oter (1999):

• Find the palm circumference center and radius by Euclidean Distance Transform.

• Calculate the offset circumference whose radius is 1.65 times the palm circumference radius (Fig. 6a).

• Determine the lower intersection points between the offset circumference and the hand boundary.

• All pixels below the lower intersection points are assumed to represent the forearm and are removed (Fig. 6b).

Figure 6. a) Segmented image boundary, offset circumference and palm circumference. b) Hand boundary without the
forearm.

After forearm deletion,only the hand boundary will be the image considered for gesture recognition. Figure 7 shows
the hand boundary with and without the forearm.

Figure 7. a) Hand boundary with the forearm. b) Hand boundary without the forearm.

3.3 HandGesture Recognition

Gesture recognition consists in comparing a new gesture with pattern models to determine whether the given new
gesture matches any previously known pattern gesture or not.

The recognition task is based on the hand boundary format at a certain time. The goal is to recognize some basic hand
gestures in a video sequence.

The extracted features for pattern recognition are based on moment invariants and other attributes, derived from these
moments and calculated over the hand boundary. The Euclidean distance is applied for searching similar boundaries
between the captured frame and all boundary patterns stored in the system.

3.3.1 Feature Vector

For gesture classification, hand features must be extracted from the hand boundary image. Two boundaries with
dissimilar features should have very different or even orthogonal feature vectors.

The adopted feature vector(v) has fourteen attributes for pattern matching:

v = (p1, p2, p3, p4, p5, p6, p7, . . . , p14) (14)

where:
[p1, . . . , p7]: Are the moment invariants of Hu Hu (1962).
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[p8]: Is the major semi-axis orientation of the equivalent ellipse.
[p9]: Is the boundary circularity.
[p10]: Is the boundary eccentricity.
[p11]: Is the boundary radius of gyration.
[p12]: Is the contour spreadness.
[p13, p14]: Are the maximal and minimal inertial moment.

3.3.2 Recognition

The gesture recognition is based on Euclidean distance between the current feature vector and the pattern feature
vectors. The recognition is done taking into account the smallest distance. The ten reference pattern boundaries chosen
for the matching process are presented at Fig. 8.

Figure 8. The pattern reference boundaries.

Since it isdesired that all feature vector attributes have the same weight and do not dominate the distance calculation,
it is necessary to normalize their values. Therefore, all values are normalized using the mean and standard deviation from
the feature vectors.

4. Results

Table 1 shows the methodology performance comparing only one gesture to the ten different hand gestures. The
method performance can be analyzed as follows:

The B gesture achieved the highest positive recognition rate (100%), and the I gesture achieved 1095 true positives
(98.92%) and only 9 false positives (1.08%). The selected features based on moment invariants discriminate better this
type of gesture from the others due its shape and spatial distribution. The D gesture was recognized one time as A gesture
and one time as I gesture. Visually comparing D type with A and I type we can observe similarities in the shape and spatial
distribution. The recognition performance for D gesture was 95.83% of true positives (TP). The H gesture achieved the
most false positives (FP), resulting in 50 incorrect results considered as C and C was confused 35 times with the I gesture
due to open fingers. Moment invariants do not discriminate well among gestures with one, two or more open fingers.

Table 1. Method performance for 100 gesture videos.

Gesture Frames/60 TP FP TP(%) FP(%)
A 3748 208 8 92.71 7.29
B 3727 246 0 100 0
C 3642 437 44 92.48 7.52
D 3701 70 2 95.83 4.17
E 3701 1000 9 98.63 1.37
F 3720 166 30 83.45 16.54
G 3697 583 12 98.24 1.76
H 3624 505 59 89.79 9.64
I 3740 1095 9 98.92 1.08
J 3741 628 33 94.2 5.8

The F gesture achieved the smallest TP rate with 83.45% of TP. It was confused with C, E, G, H, and J gestures, all of
which show one or more fingers.
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5. Conclusions

The GMM algorithm is a fast way to provide hand gesture segmentation in video sequences. The experimental results
using the Kanguera Hand shown in this work demonstrate that this approach is suitable for real-time robotic applications.
The GMM generates a robust background model for complex background scenes with different geometric shapes, textures
and colors, gradual variations of illumination and shading. Furthermore, GMM is a robust technique for scene motion
segmentation, both in external or indoor environments. Although the model is robust for these different situations, it fails
under high light variations, when a great amount of shades is detected in the foreground, or when the moving object is
static. The cause of the late is that, if the hand movement stops, the object is recognized as part of the background and is
removed from the scene. Some problems occur when light changes abruptly and backgrounds have skin-like colors.

The hand image boundary used to compute the moment invariants is different from the ones in other works that use
the segmented region Chaumette (2004). In our work, the number of considered points is quite small, drastically reducing
the processing time and consequently increasing the performance. Besides, this method is easy to implement and fast.

The proposed methodology was applied for recognizing a single hand gesture in a video sequence, but it can also be
modified for recognizing a sequence of gestures implying in a dynamic gesture. The achieved high recognition rate allows
applications in real-time tasks.

The experimental results demonstrate further that the chosen features are able to correctly discriminate shapes, some-
times even from deformed boundaries. The proposed methodology offers a high performance hand gesture recognition
system, at low cost, using a real-time video stream.

Demonstrations videos of the system are available at:
http://www.mecatronica.eesc.usp.br/wiki/upload/b/b2/Mov01672.rar
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